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Abstract
With the rise autonomous and robotic systems in field applications, the need for 
dexterous, highly adaptable end effectors has become a major research topic. Control mechanisms 
of robotics hands with a high number independent actuators is recognized as a complex, high 
dimensional problem, with exponentially complex algorithms. However, recent studies have 
shown that human hand motion possesses very high joint correlation which translates into a set of 
predefined postures, or synergies. The hand produces a motion using a complementing 
contribution of multiple joints, called synergies. The similarities place variables onto a common 
dimensional space, effectively reducing the number of independent variables.
In this thesis, we analyze the motion of the hand during a set of objects grasps using mul- 
tivariate Principal Component Analysis (mPCA) to extract both the principal variables and their 
correlation during grasping. We introduce the use of Functional PCA (fPCA) primarily on princi- 
pal components to study the dynamic requirements of the motion. The goal is to defined a set of 
synergies common and specific to all motions. We expand the analysis by classifying the objects 
grasps, or tasks, using their functional components, or harmonics over the entire motion. A set of 
groups are described based on these classification that confirms empirical findings. Lastly, we 
evaluate the motions generated from the analysis by applying them onto robotic hands. The 
results from the mPCA and fPCA procedures are used to map the principal components from each 
motion onto underactuated robotic designs. We produce a viable routine that indicates how the 
mapping is performed, and finally, we implement the motion generated onto a real hand. The 
resultant robotic motion was evaluated on how it mimics the human motion.
vi
Chapter 1
Introduction
1.1! Brief Overview
Robotic hand design has had multiple distinctive approaches in previous years with 
emphasis on cost, efficiency and applicational advantages [24, 2, 15, 1]. The employment of 
unmanned entities and devices has become more popularized, especially in the field of rescue and 
national defense [3]. The main focus of design has been the production of highly effective hands 
that adapt seamlessly to objects and performs a successful grasp, while keeping the 
manufacturing’s cost low [24, 1]. A basic approach has been to design prototypes for singular 
applications, or specialized for a limited number of object’s shapes or sizes [2]. In these cases a 
successful grasp giving by emphasizing control over the main features of the hand capable of 
providing a probable grasp. Since most robotic designs are humanoid in essence, a deep analysis 
of and what features does a human hand employ in executing a successful grasp can be very 
beneficial to produce a viable, effective design.
Human hand features play an important role on its motion and on the development of de- 
vices used to mimic this motion [24, 15]. The analysis of these features can provide an insight on 
how the motion differs from application to application. This can help to better design robotic 
hands, or provide a better exploitation of existent designs.
To analyze the motion of the human hand in an effective way, it’s necessary to capture the 
characteristic features of the hand, namely the rotational information of its principal joints. These 
features were capture through a motion capture (MoCap) system consisting of a specialized glove, 
constructed to record the angles of the hand joints at a particular frequency. A number of everyday-
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use objects were used to sample the motion of the hand. Chapter 2 explains in detail how this data
captured was accomplished.
The analysis of the motion data obtained was conducted using current approaches to motion
analysis. Principal Component Analysis (PCA), although a relatively simple statistical procedure,
is a good initial candidate of how the data relates and variates within the dataset [7, 23]. In its
multivariate version, PCA can reveal useful information in terms of how the features, or variables,
relate to each other and how they vary through each observation [7]. A functional extension, fPCA,
can provide further information on how the features play out in the dynamic perspective [12, 11, 13].
Once a set of results have been obtained, whether displayed as graphs, tables, patterns, or functions,
it is necessary to interpret these and how this fit in the applicational field. In Chapter 3 we go over
these methods for interpretation and what kind of information they reveal about the motion.
1.2 Literature Review
1.2.1 On Hand Kinematic Requirements
The human hand possesses an uniquely intricate design, with 22 degrees of freedom (DOFs)
[10]. Although highly articulated, most hand movements (usually digital movements) exist within a
highly correlated environment, meaning the movement of individual fingers (or muscles) imply the
motion of adjacent fingers. At the same time, biological aspects limit the full range of motion of
most joints. Theses two characteristics show that the human hand has redundant DOFs [8].
The study behind the control theory of the human hand has had vast expansion within the
fields of biology, psychology, neurology, and robotic engineering. Studies have shown redundant
joints participating to limit the range of individual joints [8, 17, 16, 18, 21]. The problem of relating
this redundancy to hand movements gave birth to the synergy idea. Synergy explains the correlation
of a number of joints that work together to achieve a level of accuracy and precision that individual
joints cannot reach [21, 15]. These synergies describe how finger joints complement each others
errors to achieve a higher accuracy of the end effector[17]. These correlations also apply to the level
of force each finger applies [14], as well as following patterns through similar circumstances with
similar significant postures.
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Matsuo et al. [14] employed the concept of static constraints, and used translational and
rotational DOFs to characterize and classify a grasping motion based on these parameters. The
number of DOFs specified for translation was three, while the number of rotational DOFs was also
three. The grasping motion was classified using the number of DOFs present; grasps types were
described by Cutkosky [20] and Kamakura [1980]. Matsuo also confirmed changes in the DOFs and
constraints of the human hand, even during similar grasping motions, indicating static constraints
described a stable grasp more accurately than the actual number of DOFs [14]. Programming-by-
demonstration was also an objective of these study, using a ”sequence of statics constraints” as a
programmable object to be applied to a robotic hand [14]. Other study utilized the constraints of the
hand to reduce the dimensional space and reduce the complexity of identifying hand postures for
image-based recognition [8]. The study specified three types of constrains, ranging from anatomical
constraints, to behavioral constraints. Anatomical referred to constraints innate to the anatomical,
or the bone structure of the hand, which limited movement in only certain directions. Behavioral
constraints referred to constraints imposed by the movement of fingers onto other fingers.
Thakur et al. [21] used a similar experimental approach to define a set of hand synergies that
would describe a generalized grasping motion. Grasping data obtaining through a motion capturing
system was translated into hand joint angles; then, it was analyzed using a Principal Component
Analysis (PCA) approach. The resulting principal components were classified into synergies that
described most hand postures during grasping. Further analysis concluded in the determination of a
dimensionally smaller subspace sufficient to describe a grasping motion.
Other studies attempted to described the sort of relation between the fingers that allowed
the grasping of objects. Santello and Soechting did a study to measure the level of force for each
individual finger when performing a grasp on Grip Apparatus [16]. The Apparatus had a series
of sensors to measure the force exerted by each finger, thumb on one side and index, middle, ring
and pinkie on the other, in a continuous motion that consisted in raising the object and holding for a
short period. This study evaluated the concept of synergies from the force perspective. Other similar
study attempted to extract other series of synergies by combining sensory-guided grasping and non-
sensory-guided grasping, which also describe the effect of sensory guidance in the performance of
a successful grasp [18]. The use of synergies to describe a grasping motion was also previously
visited with the classifying grips based on the object used to grasp [17]. In this study, hand postures
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where correlated to tool use, extending on previous studies that limited hand postures to “power
grip” and “precision grip”, incorporating a large number of objects.
1.2.2 On Motion Static and Dynamic Analysis
Motion analysis of human subjects is usually a complex issue due to the large number of
independent variables that form part of the system. Many studies have been done in regards to hand
motion [21, 9, 8], as well as other parts of the body [12, 5]. Principal Component Analysis is a basic
choice to understand how the system being measure stands, and for motion analysis is probably the
simplest method of multivariate analysis [7]. However, the PCA procedure acts on the principle
that the observations taken, regardless of the number of variables, are independently related. In
other words, most of the information about the system is static information, and does not take into
consideration the time variable or the dynamics of the motion.
Ciocarlie et al. perform a set of analysis on hand grasping motions using Multivariate PCA
(mPCA) to derive what is called eigengrasps [15]. This term relates to the principal components
obtained from the mPCA procedure on the motion and the subsequent projections on the original
data set. This study showed that a reduced set of principal components could account for most of
the variance in the dataset, successfully identifying reduced dimensional grasp postures.
Functional PCA (fPCA) expands the concept of mPCA to project the information of the
system onto a dynamic perspective, overcoming a basic limitation of the PCA approach to motion
analysis [12]. fPCA deals with functional objects, instead of static observations, and provides con-
tinuous information about the variables once fitted into the functional space [12, 13]. In this way,
the information about the system, including the correlation of the empirical variables, are extracted
from a dynamic perspective, or as they stand when taken into consideration the time, which results
in more accurate representation of the dynamic principles of motion. Epifanio et al. carried out
such a study on the sit-to-stand movement of a series of subject with the objective of correlating the
motion to functions or waveforms, and evaluate the differences in the dynamic information among
them [5]. The study made use of fPCA and Functional Data Analysis (FDA) [12] identify the levels
of variability exhibit by each of the subjects using two principal variables, knee flexion angle and
knee flexion/extension moment.
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1.2.3 On Robotic Hand Design
The design of robotic hands is highly correlated to the mechanics of the human hand, spe-
cially given the high dexterousness the hand demonstrates. In previous designs, the exact modeling
of the hand has been primordial to the development of successful robots. However, the complex
level of control necessary to govern each DOF a hand displays, greatly reduces the practicality of
such approach. Recent trends shows that underactuated designs achieve highly promising results
given the low number of control devices embedded in the design [24, 1]. The work surrounding
underactuated end effectors is extensive and profound, ranging from application specific designs,
for tasks concerning manufacturing and military fields [24, 1], to general-tasks designs and medi-
cal areas, such as prosthetic hands [2]. The objective usually entails constructing a hand that both
minimizes the cost and maximizes its functionality. The cost can be measure in terms of actuators
or motors, the most expensive pieces in any machinery, both in manufacturing and control. In the
other hand, functionality is measured in par with the number of DOFs the system possesses, which
directly relates to it dexterousness.
Dollar and Howe [1] describe such a device that facilitates the control of multiple DOFs
with a single actuator. At the same time, this study demonstrated that a careful design of the device’s
mechanical structure provides a much effective grasp process, by focussing on compliance and
adaptability of the device’s fingers to its object-task. The lower complexity control mechanism
exemplify the ability to perform a successful grasp and still maintain a low contact force on the
object.
Massa et al. [2] introduced a similar device with the purpose of replacing the human hand
as a prosthetic device. Current trends in prosthetic hands face problems of complex control mech-
anism and low functionality, for which the underactuated prototype presented in [2] offers a novel
approach. The underactuated design provides a cheap implementation of motor actuators, while
keeping the level of control also low, which increases functionality for the user without the expense
of a more complex apparatus.
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1.3 Proposed Goals
Our goal in this paper is to study and analyze the grasping motions of a random, yet
commonly-used, set of objects with the purpose of identifying the principal variables, given as
individual or as correlations. The analysis will be done using Principal Component Analysis and
Functional Data Analysis, which provide not only static information about hand postures, but also
dynamic information and principal functions, as opposed to various studies in the past. We also
propose to provide a classification set of objects/tasks. Lastly, the results are used to analyze how
popular robotic hands can benefit from the mimicking human behavior, if at all possible.
1.4 Thesis Organization
The thesis is organized as follows:
• Chapter 2, describes and explains the motion capture process.
• Chapter 3, explains the theory behind our motion analysis and proposes general interpretation
methods of the results obtained.
• Chapter 4, provides a basic interpretation of the various objects’ grasping motion, using both
mPCA and fPCA procedures.
• Chapter 5, provides other methods of task clustering and classification using the fPCA to
relate the objects’ grasping motions among each other.
• Chapter 6, describes an evaluation of common robotic hand designs using the results of the
previous chapters.
• Chapter 7, offers a brief discussion on the findings, future analysis and concluding remarks.
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Chapter 2
Motion Data Capture
2.1! Brief Overview
A crucial step in this process of analysis and evaluation, is the obtainment of a proper 
dataset. Before performing a true analysis of motion, is necessary to obtain a factual description 
of that motion, as accurate as possible to real-world values. Motion data capturing provides us 
with a substantial dataset that describes said motion with a finite number of observations, 
discretized into highly-precise numerical values, on which mathematical analysis can be 
performed.
For our purposes, a proper dataset is such that describes the intricacy of the subject’s 
hand motion. Given the hand intricate design, we required of clever tools to record the high 
number of independent variables, both with precision and minimum error. Our experimental setup 
and motion capturing methods ensure that the data acquired accurately reflects the natural motion 
of the subject, while being as unobtrusive as possible. The low latency and high frequency of the 
equipment ensure that the data is precise and in accordance with real time abrupt changes. The 
resultant dataset thus complies with the basic guidelines of motion capture, and suffices as an 
input for later analysis.
2.2! Equipment
The hand motion is captured using a 5DT DataGlove 14 Ultra, with up to 14 sensor to 
described  the  motion at 14 different feature points. The DataGlove is basically a glove with open
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Figure 2.1: 5DT DataGlove 14 Ultra
5DT DataGlove 14 Ultra. As shown by the model number, this gloves possesses 14 sensors to
calculate the angle dimensions of every finger (2 for each), as well as the relation between fingers
(4).
fingertips. Fiber optics run from the base of the glove to every fingertip and between adjacent
fingers. Figure 2.1 shows the DataGlove.
As noted by the glove’s product name in Figure 2.1, it captures 14 of the 22 DOFs of
the human hand [8]. Specifically, the gloves fiber optics capture the joint angles of the proximal
interphalangeal (PIP) articulations for each finger and the thumb, resulting in 5 DOFs; next, the
metacarpophalangeal (MP) joints of each finger and the thumb are also captured, including the
combined, sideway extension at the MP joints, which is independently capture by an additional 4
sensors placed between the four fingers and the thumb. The 5 metacarpophalangeal sensors add
another 5 DOFs to the model, which, with the 4 inter-finger sensors, complete the 14 DOFs model.
The digital interphalangeal (DIP) articulations are not directly measured by the glove, however the
motion is proportional to the PIP joints, for which reason is not directly necessary. Table 2.1 shows
the joint captured by each sensor, while Figure 2.2 shows the schematic view of the joints captured
by the glove.
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Figure 2.2: Joints Captured by DataGlove Schematic
Joints Captured: the 5 Proximal Interphalangeal, the 5 Metacarpophalangeal, and the 4 Inter-finger
Metacarpophalangeal
Table 2.1: Sensor-Joint Captured Relationship
Sensor # Joint Sensor # Joint
1 Thumb MP 8 Middle PIP
2 Thumb PIP 9 Middle-Ring MP
3 Thumb-Index MP 10 Ring MP
4 Index MP 11 Ring PIP
5 Index PIP 12 Ring-Pinkie MP
6 Middle-Index MP 13 Pinkie MP
7 Middle MP 14 Pinkie PIP
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2.3 Objects
The objects used represent a sample of a typical lab: a cable cutter, an electric drill, a set
of pliers, a thicker-then-average screw, a screwdriver, a piece of synthetic wood, a quasi-gun, an
key, a pencil, a green marker, a spring clamp and a bigger clamp. The objects were chosen due
to their variability of grasping posture and its representativeness of everyday objects in terms of
grasp. Figure 2.3-2.6 show a set of photographs of the objects used, slightly classified in terms of
functionality and grasp.
The subject is ordered to grasp each of the objects, for 5 separate trials, within a 10 second
window, during which the subject enjoys of both visual feedback and sensory guidance to help
conceive a successful grasp. Once the object is grasped, the subject must hold for 2 seconds and
then place it on the original surface, at which point the subject readies for the next trial, if any.
2.4 Implementation
The DataGlove is connected to an x86 PC, running Microsoft Windows 7. The DataGloves
data output was accessed through a console program, written in C++, within the Microsoft Visual
Studio IDE. The gloves manufacturer provides a DataGlove Manager Simulator, and a Software
Development Kit (SDK) as an interface to get access to the gloves data in real time. Our program
calls some of the SDK functions to first check for the connection of the glove to the system, then
initialize the glove, calibrate the glove input data, and store the data.
The glove calibration is done through a set of function calls. The raw values obtained from
the glove are used to update the maximum and minimum normalized values, which are then used to
normalize the entire data set. The normalized output is given by,
O
R Rmin
Rmax Rmin
Vmax
for R = raw value, V = normalized value.
The values are then saved into an ASCII text file in double precision mode and normalized
to [0,1] range. Although the data transfer frequency of the glove stands usually at 75 Hz, the polling
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rate set by the console program is 1 KHz. Each poll event is timestamped with the current systems
clock, in milliseconds, to provide an easier synchronization during the datas analysis. The first
column of the tabulated data represents the timestamp, while the subsequent columns represent
the features points, as shown in Table 2.2. The data is then partitioned and align for each trial
of each object, totaling 60 independent datasets 5trial 12objects . This data is then used for
analysis, such as a hand model motion using the underlying bone structure. Figure 2.7 summarizes
the collection process. It shows in three figures the data process: the first shows the raw, continuous
input values as red from the dataglove. The second figure displays a sample of a text file storing
the angle values red from the dataglove at each singular time step, and marked with a timestamp.
The third, bottom figure shows an example of the data processing methods used: the skeleton hand
model.
Table 2.2: File Structure
Time Sensor # 1 Sensor # 2 Sensor # 14
1292 0.786321 0.578241 0.521740
1293 0.411765 0.129238 0.294118
1294 0.786321 0.578241 0.521740
...
...
...
...
...
5429 0.786321 0.578241 0.521740
5430 0.411765 0.129238 0.294118
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Figure 2.3: Set of Objects (1)
Set of objects: a screw and a key.
Figure 2.4: Set of Objects (2)
Set of objects: an electric drill and a measuring gun.
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Figure 2.5: Set of Objects (3)
Set of objects: a spring clamp, a cable cutter, a set of pliers and a bigger clamp.
Figure 2.6: Set of Objects (4)
Set of objects: a green marker, a pencil, a piece of wood, and a screwdriver.
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Figure 2.7: Motion Data Collection Schematic
Upper left picture shows graphical input; upper right picture shows the normalized input values;
bottom picture shows the hand model.
14
Chapter 3
Motion Data Analysis Methods 
3.1 ! Brief Overview
The analysis of human motion can be particularly complex due to the obtained data’s 
high dimensionality. Common methods of analysis first describe a dimensional reduction of the 
dataset prior to analysis. One approach is to reduce the number of features by grouping them onto 
orthogonal dimensional axes, defined by the greatest variance on that dimension. Principal 
Component Analysis (PCA) is such a procedure, which takes an original dataset and using 
orthogonal trans- formation derives a set of principal components projected onto uncorrelated 
axes. A reduced set of these principal components can describe most of the variance represented 
by the original dataset [7]. This procedure reduces the dimensionality of the dataset by reducing 
the number of independent dimensional axes to the chosen number of principal components.
Various extensions to PCA have been envisioned that expand on the concept, in order to 
extract other features from the dataset, such as probabilistic models [19], and functional analysis 
[12, 13]. Functional PCA (fPCA) is a powerful new concept to analyze and interpret data that can 
be modeled as a function of one of its variables, such as time.
3.2 ! Graphical Hand Skeleton Model
To visualize the data and evaluate the accuracy of the sensor in an abstract manner, a hand 
skeleton model was developed to simulate the motion based on the output of the DataGlove. The
15
Figure 3.1: Graphical Hand Skeleton Model
Graphical hand skeleton model: Using a fix hand model in 3D coordinates, the DataGlove angles
are used to control the flexion of the joints, using pre-defined angle range for each of the types of
joints.
model was developed in MATLAB, which is also used to analyze the data. The resultant model
is fairly accurate in reflecting the full motion of the fingers, however, there are some inaccuracies
in the range of values for some of the joints. The default angle range for MPs and PIPs joints is
90o, while MPs extensions are set to 30o. However, the true range of motion extends beyond these
values, which is why the model is not completely anatomically accurate. The motion of the distal
interphalangeal (DIP) articulations is set proportional to the PIP articulation motion, as reflected in
recent findings. A sample of the model is shown in Figure 3.1.
3.3 Formal Notation
As represented in Table 3.1, the data collected is independently stored according to each
trial of each exercise. Since each sensor from the DataGlove results in one empirical value x (the
angle of flexion/abduction of that particular joint), each row of the dataset describes a vector x t
x1, x2, ..., x14 for t a particular time step. The dataset is then a 14-dimensional space, plus the
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Table 3.1: Data Structure
D1 D1 D5 D5
MP - x1 PIP - x2 MP - x13 PIP - x14
0.352941 0.786321 0.578241 0.521740
0.352941 0.411765 0.129238 0.294118
0.352941 0.786321 0.578241 0.521740
...
...
...
...
...
0.352941 0.786321 0.578241 0.521740
0.352941 0.411765 0.129238 0.294118
time variable. In the same way, each finger would be referred by its numerical order starting with
the thumb, as such, Thumb D1, Index D2, Middle D3, Ring D4 and Pinkie D5.
3.4 Principal Component Analysis
3.4.1 Multivariate PCA
Given the 14-dimensional dataset, the first step in the analysis is to subtract the mean vector
x¯ t x¯1, x¯2, ..., x¯14 from each dataset vector x t , to center the data, and minimize the mean
square error. The covariance matrix of the new centered data is given,
C
1
N
N
i 1
x t x¯ t x t x¯ t T (3.1)
where x t represent the dataset vectors, x¯ t represent the mean vectors and the N the number of
observations. Using the covariance matrix of the centered data X , the following constraint can be
used to find the eigenvalues/eigenvectors pairs,
C⇠ ⇢⇠ (3.2)
where ⇢ corresponds to the eigenvalues and ⇠ describes the paired eigenvector.
Rearranging the eigenvalues (and corresponding eigenvectors) in decreasing order is neces-
sary to measure the amount of variance each eigenvector is responsible. Plotting the marginal and
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cumulative eigenvalues describes what portion of the eigenvectors is needed to represent most of
the variance shown by the original dataset [7]. The number of principal components necessary to
cover most of the variance relates to how many individual, orthogonal dimensions are necessary to
reproduce the motion. In the same way, analyzing which joints vary the most for each projected
PCs and recording the correlation among the several joints, is possible to relate a limited joint set to
that particular motion.
Plotting the particular scores, or weights, for each of the Principal Components, i.e., the pair
of eigenvalues/eigenvectors, is possible to interpret what relates that PC to the empirical variables of
the dataset [7]. Specifically, a PC shows a particular variance of the dataset, and since it’s orthogonal
to other PCs, it only accounts for the variability of a limited set of the empirical variables, i.e., the
joint features. Given that the PC scores are centered at 0, relatively high or relatively low (higher
absolute value) scores relate to the level of variance that variable had in that particular projected
space. This information relates both to the high variance of a limited set of empirical variables,
and to the correlation that the variables possess [7]. The value of the coefficients can be classified
into several range, with the first range 0, 0.1 being of minimal significance; the second range
0.1, 0.3 of moderate significance; and lastly, the third range 0.3, , which denotes high
significance [7].
There are two main interpretation methods to be applied to the mPCA results. First, we
want to analyze and extract what empirical variables contribute the highest variability to each com-
ponent. This goal is conformed of two distinct steps: defining the number of components necessary
to represent most of the variance; and plotting the component’s coefficients for each chosen com-
ponent. To correctly define the number of components necessary, we first need to normalized each
eigenvalue and plot their cumulative sum over 1, as such,
⇢i ⇢i
N
i 1
⇢i (3.3)
where ⇢i refers to each eigenvalue, and N refers to the number of observations over the dataset.
A proper threshold to choose the number of components based on their variance is between
80% to 90%, or higher, although the details are specific to the type of application and the charac-
teristics of the dataset. In some cases the threshold concerns the largest percentage of variance the
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component contributes, or if the next component contributes less than 3% of the overall variance
[7]. In our case, a combination of the two criteria are taken into consideration, resulting a number
of components that quickly cover most of the variance, achieving a percentage or around 90%, and
further components add little contributions to the set, or as such,
lm 100
M
i 1
⇢i
N
j 1
⇢j , for, lm 85% (3.4)
100 ⇢m 1 3% (3.5)
where m represents the number of chosen components; in this case m must comply with the fol-
lowing requirement,m 14.
Once the number of components for each object motion has been defined, we can proceed to
plotting the individual coefficients for each component, or what the literature calls the component’s
scores. These scores can be either positive or negative, as they relate to the type of variation over
the mean of the dataset, and the sign is mostly arbitrary [7, 23]. For these reason, we concern
only with the absolute value of the scores, as explained before. Using the component’s scores,
we derived the principal variables as the variables that contribute the highest variability to that
particular component, and relate this high variance to the level of significance of the empirical
variable in the actual motion.
The second interpretation method concerns the projection of these principal component
onto the original dataset, and computing the maximum and minimum empirical values, which we
use to model a particular hand posture. These hand postures are important in the sense they give a
notion of what sort of motion was captured by each component, as well as describing the range of
motion for each component.
Robotic evaluation can benefit from both the extraction of principal variables, as well as
the motion range of particular components. The number of principal variables, as well as their
contribution to the component’s percentage of variance, relates positively to the significance of these
variables in the motion, also incorporating what variables correlate with each other. Given that the
components are orthogonal in nature, the variables with high contribution for each component relate
to each other, by not among components [7]; in other words, each component describes a certain
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type of motion that is different from other components, meaning they are highly uncorrelated, and
most of the time complement each other. This understanding can help reduce a high number of
highly correlated human joints to a single robotic actuator, and describe what’s the minimum number
of different actuators needed to reproduce this motion.
At the same time, the range of motion helps the design of robotic hands by ensuring a gen-
eralized motion range for a number of different objects’ grasp. Furthermore, the projected motion
range for each component, can help individualized design of contrasting fingers, each delimited by
a different motion range as specified by that component.
The application of mPCA to hand postures has resulted in positive findings. Ciocarlie et
al. in [15] exemplified the use of eigengrasps to describe the resultant projections of the principal
components for certain grasps. In this study the focus was to reduce the dimensionality of grasping
to only the principal variables, given by the first few components projections covering 80% of the
original variance. Thakur et al. performed a similar analysis of hand motion using mPCA to evaluate
inter-subject similarities, and extract hand synergies as a result. In this project, however, the main
purpose was to project the principal components onto the original dataset, and classify similar hand
postures as belonging to a common hand synergy. In both studies, the results proved to adequately
describe the motion in terms of the empirical variables most responsible for the variability. However,
the analysis was done statically, on series of time-independent observations, given that this is one
of the major limitations of the mPCA approach to motion analysis.
3.4.2 Functional PCA
The functional extension to PCA analysis is principally similar to the traditional (multivari-
ate) version, except the analysis deals now with functional objects or functions, instead of singular,
static vectors. The observations now concern with variations over trials or subjects over same fea-
tures, rather than time step observations of variable features [12, 13].
The dataset itself must be converted onto functional objects before functional data analysis
can be performed. Given a set of coefficients and a set of basis functions, is possible to fit the
dataset onto a function. Choosing a type of basis function radically changes the final functional
output, since it describes different aspects of the function. This analysis utilizes primarily a set of
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non-periodic basis functions, specifically B-Splines functions. Most of the functional analysis is
done based on this type of basis function since the dataset itself is non-periodic [13].
Epifanio et al. constructed a study to evaluate the level of practical analysis of fPCA and
FDA procedures. The study involved human motion during sit-to-stand movement, and the resulted
waveforms proved to be very descriptive of the system, including the level of variance contribution
for each of the two main variables involved [5].
The variance-covariance of the dataset is then given by,
c s, t N 1 1
i 1
xi s x¯ s xi t x¯ t (3.6)
where xi s and xi t represent the functional objects that describe the motion for a particular joint
feature i.
Using the covariance function, is possible to define a similar equation constraint to solve
for the eigenvalues, as such,
c s, t ⇠ t dt ⇢⇠ s (3.7)
where ⇢ still represents eigenvalues, and now ⇠ t is an eigenfunction for the variance-covariance
function. The question in this case can be easily described as finding a function ⇠ t , which subject
to the constraint ⇠2 t dt 1, maximizes the variation in the data defined by the score,
⇢⇠ xi ⇠ t xi t dt (3.8)
Our study further extends the analysis to include two functional objects (i.e. kinematic
features of the hand) instead of just one, from which is possible to obtain the level of variability for
each of the functional objects present in the motion [12, 13]. Also, we apply the approach to the
projections of each Principal Component as obtained from the mPCA procedure, particularly the
first four components. Each component’s scores or coefficients is used to project all the variables
onto a single vector of N observations. These vectors are fitted into the functional object using the
base five trials, resulting in a waveform for each principal component that describes the correlation
of the empirical variables that had a major contribution. This particular type of analysis is novel
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in the sense that takes all empirical variables’ projections into consideration, rather than a singular
variable, which most of the time hardly describes the system.
These mPCA projections are used to perform a series of analysis, including the level of
variability contributed by multiple waveform, rather than just one waveform. The first two mPCA
components are fed into a bivariate fPCA procedure, as described in [5, 12]. Each component rep-
resents a separate waveform, say x t and y t , both with respective mean and variance functions.
A functional principal component, or harmonic, is then described by two waveforms, similar to
c s, t ⇠ t dt ⇢⇠ s , but each combination, as such,
cxx s, t ⇠x t dt cxy s, t ⇠y t dt ⇢⇠x s (3.9)
cxy s, t ⇠x t dt cyy s, t ⇠y t dt ⇢⇠y s (3.10)
resulting in two distinct harmonics that described the composite function of the two input functions,
as described in [12]. These harmonics describe the percentage of variability each variable, in this
case each component projection, contributes to the original function, which relates to the dynamic
contribution each component has over the motion.
Furthermore, the fPCA procedure is used to classify the objects grasp motions (tasks) by
projecting the scores of each of the two first harmonics for each of the tasks. In this case however,
is sufficient to derive the scores the univariate fPCA. These can be applied to both the principal
component projections and the empirical variables. The interpretation method suggests that similar
score values relate to the similarity of the empirical motion, with the added prerequisite that the
actual dynamics of the motion and the correlation of the variables through time are both similar.
This can help classify the tasks in terms of dynamic similarity and continuous correlation, as well
as indicate what empirical variables have a similar characteristics for which tasks.
3.5 Implementation
The data analysis was mostly programmed in MATLAB. The MATLAB environment pro-
vides a set of statistical and graph-plotting functions that simplify the implementation of procedures,
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Table 3.2: Functional Data Structure
xi t xi t xi t xi t xi t
Trial 1 Trial 2 Trial 3 Trial 4 Trial 5
0.352941 0.411765 0.294118 0.411765 0.294118
0.352941 0.786321 0.521740 0.786321 0.521740
0.352941 0.411765 0.294118 0.411765 0.294118
...
...
...
...
...
0.352941 0.786321 0.521740 0.786321 0.521740
0.352941 0.411765 0.294118 0.411765 0.294118
especially when dealing with matrices and vectors. The dataset had different processing for each of
the analysis procedure (mPCA and fPCA).
For mPCA the data was stacked for all trials, and dealt only with the feature joint variables
(sans the time variable), as shown in Table 3.1. The mPCA procedure was implemented using the
equations in [7].
For functional analysis, the set of functions from the Functional Data Analysis (FDA) li-
brary [www.functionaldata.org][13]. The data must first be transformed into functional objects, or
functions to fit the data through time, for each feature, either empirical variables or component’s
projections. The data is then time-normalized, and scaled. The transformation requires a set of
basis functions, which are fitted using a similar set of coefficients. The functions are in described in
[13]. In a similar way, the procedures for the fPCA are specified in [13].
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Chapter 4
Interpretive Model 
4.1! Brief Overview
To keep a consistent approach to the analysis and to draw easier comparisons among the 
objects’ grasps, only the first four principal components are computed, since for all objects this is 
the maximum number of components needed to cover most of the original variance described by 
the dataset (or around 85% of the variance as described in the previous chapter). The cumulative 
sum of the eigenvalues for each of the objects’ grasp are shown in Figure 4.1. Following the 
analysis methods explained in the previous chapter, the number of components for particular 
objects are individually defined. Only a part of the results of the objects analyzed are presented, 
as a representative portion of most grasp motions.
4.2! Particular Grasps
The objects presented either share some commonality among each other, or have a 
particularly unique result.
4.2.1 !Clamp Grasp
mPCA analysis on the clamp shows that the first three components cover most of the 
motion variance. Each component (or PC) accounts for 48%, 27% and 13% of the variability,
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Table 4.1: Number of Selected Principal Components per Task
# mPCA
Principal Components
Tasks
Clamp 3
Cutter 4
Drill 2
Gun 2
Key 3
Marker 2
Pencil 3
Pliers 4
Screw 3
Screwdriver 3
Springclamp 4
Wood 3
for a total of 88%. This indicates the motion’s variance can be reproduce with only three orthogonal
dimensions, as opposed to the 14 original dimensions of the empirical dataset. However, this state-
ment is hardly applicable to individual empirical variables, as some PCs (usually all PCs) project
their variance over several variables, instead of just one. Computing the PC scores for each com-
ponent, reveals what empirical variables relate to the component. Since the scores are basically
weight or coefficients used to maximized the variance over the component, the higher absolute
value indicates a higher variance for that variable. Table 6.5 displays all PC scores for the first four
components.
We concern only with the empirical variables that have a significant weights in the compo-
nent, or values 0.3. Following this method, the first component exhibits a higher variance of
the thumb’s (D1) variables, both MP and PIP joints. It follows that the second component contrast
this subspace motion with a high variance for the ring-pinkie (D4-D5) MP joints, and independently
for the PIP joints of both those fingers. The third component we can see, shows a high variability
for the index-middle (D2-D3) MP joints. Given that each component is orthogonal to each other,
this orthogonality relates mostly to the level of variance over that plane, meaning each correlated
variable at each component shares the level of variance that the component itself represents for the
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Table 4.2: mPCA Components Scores: Clamp Grasp
Coefficients
Joint PC1 PC2 PC3 PC4
D1 MP -0.31 0.10 -0.06 0.14
D1 PIP -0.88 0.29 -0.14 -0.06
D1-D2 MP -0.01 -0.06 -0.06 0.02
D2 MP 0.12 0.05 0.02 0.06
D2 PIP 0.02 -0.04 -0.19 0.50
D3-D2 MP -0.14 0.04 0.96 0.14
D3 MP 0.12 0.19 -0.07 -0.04
D3 PIP 0.06 0.10 -0.01 0.42
D3-D4 MP -0.06 -0.18 0.03 -0.09
D4 MP 0.01 0.02 -0.01 -0.05
D4 PIP 0.13 0.33 -0.02 0.49
D4-D5 MP 0.16 0.30 0.03 -0.47
D5 MP -0.02 0.06 -0.03 0.20
D5 PIP 0.20 0.78 0.02 -0.08
Percentage of variance 47.70% 27.21% 13.13% 4.04%,
entire dataset. This can be interpreted as each correlated, empirical variable as having a different
sort of motion through the grasping motion.
To better visualize the variance each component describes on the empirical variables, the
PC projections were used to compute the posture of the hand skeleton. Each PC projection shows
the variance around the mean values for the motion, which is why the mean posture is displayed,
and subsequently, the minimum and maximum for the projection values of each of the four PCs.
The figures describe both the level of correlation among the variables, and the range (and type) of
motion each component captures. Figure 4.1 show the mean posture for the clamp grasp, while
Figure 4.2 show the PCs projections. The figures complement the results from the PC scores, since
the selected joints show a visible larger range of motion in of the projected components.
The relation between the PCs scores is made evident in the hand model, given the direct re-
lationship between high coefficients and large motion range. The thumb’s motion in PC1 projection
is rather high in terms of variance, in agreement with the high scores for both the thumb’s joints.
In the same way, the motion of the pinkie and the ring fingers has a noticeable higher range in the
projection of the second component, as opposed to the first component.
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Figure 4.1: Mean Posture: Clamp Grasp
The projection of each PC onto the entire the dataset for the motion results in a singular
vector. Two vectors, corresponding to the first two components were used to perform the fPCA
procedure. The resultant graphs, shown in Figures 4.3, relate the variance of each component to the
entire motion, with the mean function represented as the solid black line, while a scalable factor of
the first harmonic is added to the mean function (dashed blue line), and subtracted from the mean
function (dash-dotted blue line) to exemplify the variance of the first harmonic on that variable.
Figure 4.3a describes the variability of PC1 over the first harmonic. The first component
accounts individually for 68% of the variance, while the second component, graphed in Figure 4.3a,
accounts for the remaining 32%. In conjunction, the two components’ first harmonic, describes 64%
of the variance for the entire motion. However, it’s evident that the first component has a higher
variability over the same range, particularly over the beginning of the motion, with the second
component representing most of the latter part of the motion. The second harmonic, graphed in
4.3a, accounts for 23% of the variance, with both components having a shared impact with 46% and
54% of variance respectively.
In Figure 4.3c, the resultant fPCA transformation is shown for PC3 and PC4. The first
harmonic has a higher contribution from the third component, equivalent to 75%, while the second
harmonic represents variance mostly given by the fourth component at 71%. The percentage of
variance given by each harmonic is 66% and 24% respectively.
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(a) (b)
(c) (d)
(e) (f)
(g) (h)
Figure 4.2: Principal Components’ Minimum and Maximum Posture: Clamp Grasp
Principal Components’ minimum and maximum posture: Principal Component 1 (a,b), Principal
Component 2 (c,d), Principal Component 3 (e,f), and Principal Component 4 (g,h)
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Table 4.3: fPCA Harmonics Scores for mPCA Components: Clamp Grasp
Coefficients
Harmonic 1 Harmonic 2
Harmonics’ Variance 64% 23%
PC1 PC2 PC1 PC2
Trial #1 -6.78 -2.11 -2.90 -5.11
Trial #2 -6.43 -4.47 -3.04 -2.42
Trial #3 -6.59 -2.46 -0.48 -0.53
Trial #4 -5.12 11.63 -0.41 7.12
Trial #5 24.92 -2.59 6.83 0.94
Components’ Variance 68% 32% 46% 54%
Harmonics’ Variance 66% 24%
PC3 PC4 PC3 PC4
Trial #1 -8.03 5.73 -2. 6.60
Trial #2 16.33 1.60 1.16 0.72
Trial #3 -14.36 -5.95 -1.01 -1.83
Trial #4 0.83 -0.53 0.93 -0.81
Trial #5 5.23 -0.84 0.92 -4.69
Components’ Variance 75% 25% 29% 71%
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(a) (b)
(c) (d)
Figure 4.3: fPCA Harmonics of mPCA Components’ Projections: Clamp Grasp
Harmonic 1 for components 1 and 2 (a), harmonic 2 for components 1 and 2 (b), harmonic 1 for
components 3 and 4 (c), and harmonic 2 for components 3 and 4 (d)
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4.2.2 Gun Grasp
The grasp motion for the gun object is unique for having a very high variance concentrated
into the first two components of the PCA procedure. These two components account for 73% and
20% of the variance depicted by the original dataset, for a total percentage of variability of 93%
overall.
For the first component, the principal variables were the MP joints for the index (D2),
middle (D3), ring (D4) and pinkie (D4) fingers, with most variability given by the pinkie and ring
fingers. The second component has a major impact from the thumb’s MP and PIP joints, although
this component accounts for only 20% of the overall variance. A straightforward interpretation
reveals that the main joints of the four fingers contributed to most of the variability of the motion,
while the thumb’s joints did the same at a less variable plane. In the same way, the first component
shows a very high correlation between the MP joints of the main four fingers for the entire motion,
and to lesser degree, the correlation of the PIP joints, which had an almost static function. Table 4.4
shows all the PC scores for the first four components.
Table 4.4: mPCA Components Scores: Gun Grasp
Coefficients
Joint PC1 PC2 PC3 PC4
D1 MP 0.21 0.51 -0.24 -0.54
D1 PIP -0.05 0.69 -0.38 0.22
D1-D2 MP -0.00 0.03 0.21 -0.25
D2 MP 0.42 -0.01 -0.10 0.53
D2 PIP 0.14 -0.04 0.16 0.02
D2-D3 MP 0.17 0.39 0.52 0.22
D3 MP 0.39 -0.10 -0.08 0.06
D3 PIP 0.01 0.04 0.12 -0.03
D3-D4 MP -0.30 0.08 0.05 -0.01
D4 MP 0.47 -0.13 -0.18 -0.09
D4 PIP 0.11 0.10 0.27 0.19
D4-D5 MP 0.09 0.19 0.21 0.21
D5 MP 0.45 -0.11 -0.12 -0.21
D5 PIP 0.19 0.11 0.51 -0.36
Percentage of variance 72.74% 19.54% 3.29% 1.70%
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The first component shares a high correlation for middle, ring, and pinkie MP joints, and
the second component having a big impact from thumb’s joints.
The fPCA procedure revealed a high variance for the first harmonic at 58%, and the second
harmonic at 22%, for the first two components. These two harmonics have a shared contribution
from both components: the first contributes 75% to the first harmonic, versus 25% of the second
component; similarly, the second harmonic has a biggest impact from the second component at 56%.
These levels of contribution relate to the active component on the dynamic analysis of the motion,
primarily that the first component is responsible for most of the variance of the first harmonic,
and the second component for the second harmonic’s. These results further explain the level of
correlation between the two components on the dynamic level, in this case being minimal.
Table 4.5: fPCA Harmonics Scores for mPCA Components: Gun Grasp
Coefficients
Harmonic 1 Harmonic 2
Harmonics’ Variance 58% 22%
PC1 PC2 PC1 PC2
Trial #1 13.78 -0.27 9.52 -11.38
Trial #2 8.79 4.35 1.83 8.83
Trial #3 -14.63 -7.33 -5.82 -3.13
Trial #4 -6.85 2.94 -4.82 3.79
Trial #5 -1.10 0.31 -0.72 1.88
Components’ Variance 75% 25% 44% 56%
Harmonics’ Variance 49% 25%
PC3 PC4 PC3 PC4
Trial #1 -5.12 3.68 -4.83 2.29
Trial #2 -2.35 -4.00 -1.29 -1.68
Trial #3 5.77 3.71 3.66 0.26
Trial #4 1.93 0.89 2.05 0.08
Trial #5 -0.23 -4.27 0.80 -1.35
Components’ Variance 48% 52% 69% 31%
The motion’s highest variance is captured by the first two harmonics of both the first and
second component, as well as the third and fourth component, pictured in Figure 4.4. The first com-
ponent is responsible for most of the variance during the grasp and release of the object, while the
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variance of the second component corresponds more to the beginning, middle and end of the mo-
tion as noted in the first harmonic in Figure 4.4a. The second harmonic for these same components
relate to similar portions of the motion but at a more distinct intervals as shown in Figure 4.4b. The
harmonics for the third and fourth component are graphed in Figure 4.4c-d.
(a) (b)
(c) (d)
Figure 4.4: fPCA Harmonics of mPCA Components’ Projections: Gun Grasp
Harmonic 1 for components 1 and 2 (a), harmonic 2 for components 1 and 2 (b), harmonic 1 for
components 3 and 4 (c), and harmonic 2 for components 3 and 4 (d)
4.2.3 Marker Grasp
Analysis for the marker grasp shows that the first two components cover 91% of the original
variance. The first component, at 85% of variability, has its bigger contributions made by the middle
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(D3), the ring (D4), and the pinkie (D5) fingers MP joints. In the other hand, the second component,
at 6% variance has most of its contribution made by the index’s (D2) and thumb’s (D1) joints. The
motion of the first component contrast the movement of the MP joints of the three fingers, while
the second component contrasts the motion of the thumb and index, showing the orthogonal type of
motion variation. The next two components, the third and the fourth, offer little contribution to the
overall motion.
Since the principal scores for the first component are all positive, it indicates a direct cor-
relation among these joints, and furthermore, it indicates an overall flexion of the joints during the
motion. The results agrees with the motion being analyzed since it states that the flexion of the three
fingers MP joints have the greatest variability during this motion. In contrast, the second compo-
nent describes a different type of motion that concerns more the extension of the thumb PIP and the
index MP joint versus the flexion of the index PIP joint, as the signs of the scores indicate. This
information gives an idea of what empirical information is described by the component’s scores.
Table 4.6: mPCA Components Scores: Marker Grasp
Coefficients
Joint PC1 PC2 PC3 PC4
D1 MP 0.07 -0.01 -0.04 0.03
D1 PIP -0.05 -0.36 0.37 0.10
D1-D2 MP 0.07 -0.08 0.01 -0.61
D2 MP 0.29 -0.71 -0.21 0.11
D2 PIP 0.22 0.46 -0.21 -0.35
D2-D3 MP 0.15 -0.14 -0.47 -0.18
D3 MP 0.46 0.27 -0.19 0.49
D3 PIP 0.02 0.02 -0.00 -0.10
D3-D4 MP -0.11 0.06 -0.01 0.05
D4 MP 0.54 0.07 0.03 0.18
D4 PIP 0.14 -0.12 -0.15 -0.12
D4-D5 MP 0.04 -0.15 -0.23 -0.09
D5 MP 0.51 -0.01 0.64 -0.25
D5 PIP 0.18 -0.08 -0.15 -0.30
Percentage of variance 85.13% 6.12% 2.72% 2.14%
Table 4.7 shoes the scores of the fPCA analysis done on the first two components. The first
two harmonics cover 70% and 22% of the variance in the original joint function, respectively. As
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seen in previous functional analysis, the level of contribution are distinctly separated for each har-
monic, the first component contributing 64% of the first harmonic. Similarly, the second component
offers a higher contribution to the second harmonic, at 55%.
Table 4.7: fPCA Harmonics Scores for mPCA Components: Marker Grasp
Coefficients
Harmonic 1 Harmonic 2
Harmonics’ Variance 70% 22%
PC1 PC2 PC1 PC2
Trial #1 -32.34 -2.15 -3.49 -2.15
Trial #2 -1.85 13.58 0.83 3.49
Trial #3 9.98 -8.08 0.49 -1.20
Trial #4 11.57 -9.21 1.23 -0.89
Trial #5 12.63 5.86 0.95 0.74
Components’ Variance 64% 36% 45% 55%
The plotted harmonics variation over the mean function shows that the first mPCA compo-
nent has a higher variation over the middle of the motion, while the second component is responsible
for most of the motion’s variance at the beginning and end of the motion. This indicates that the
projection of principal empirical variables of the first component have a higher contribution during
the middle of the motion, while the projected variables of the second component make a bigger
impact over the beginning of the motion. Both statements agree that most of the motion (70% of the
variance), falls under what would be physically expected. The second harmonic in the other hand,
shows a high variation for the first component projection during the grasping and the releasing of
the object, and similar variation for the second component projection.
4.2.4 Screw Grasp
The screw grasp motion can be reproduce with the first four components, as shown in
Table 4.1. These components cover 93% of the variance for this particular motion. The relative high
number to cover the majority of the variance indicates a higher complexity motion when compare
with other objects. The principal empirical variables for the first component are the thumb’s (D1)
joints, with a lesser impact by the ring (D4) MP and the pinkie (D5) PIP joints, with 62% of the
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(a) (b)
Figure 4.5: fPCA Harmonics of mPCA Components’ Projections: Marker Grasp
Harmonic 1 for components 1 and 2 (a), harmonic 2 for components 1 and 2 (b)
variability for the motion. These scores are share a positive sign, meaning most of the variation is
given by the flexion of the joints. These contrasts with the second components scores, which also
includes the thumb’s joints as principal variables, added to the middle-ring (D3-D4) MPs, the ring
(D4) MP and the pinkie (D5) PIP joints. However, thumb’s motion for the second component is
mainly extension of the joints, which could indicate the component mostly represents the variation
over the release of the object. The third component offers a equally large contribution as the second
component (10% and 16%, respectively), with main impact from the index (D2) PIP and the index-
middle (D2-D3) and thumb-index (D1-D2) MPs joints. This component shows an overall flexion of
the index-middle MPs joints, with a similar motion for the thumb-index MPs. Lastly, the index PIP
shows a steady flexion throughout the motion.
As expected from the mPCA analysis, this motion’s dynamic analysis is quite complex and
highly correlated within the first four components. In Table 4.9 the harmonic scores are shown.
In terms of the first two component’s analysis, the first harmonic covers 58%, with a higher con-
tribution from the firs component (69%) than the second component (31%), in line with previous
results. The second harmonic provides a relatively high portion of the variance at 23%, but with
a higher impact from the second component (51%) versus the first component (49%) although the
differences are much less noticeable. The analysis of the third and fourth component functional
analysis shows a similar pattern.
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Table 4.8: mPCA Components Scores: Screw Grasp
Coefficients
Joint PC1 PC2 PC3 PC4
D1 MP 0.43 -0.40 -0.10 -0.29
D1 PIP 0.64 -0.43 -0.12 0.02
D1-D2 MP -0.05 0.07 -0.29 -0.30
D2 MP 0.09 0.14 -0.18 -0.10
D2 PIP 0.05 0.04 0.34 -0.06
D2-D3 MP -0.06 0.03 -0.69 0.25
D3 MP 0.19 0.14 0.10 0.24
D3 PIP 0.09 0.19 0.05 -0.33
D3-D4 MP -0.27 -0.41 0.12 0.06
D4 MP 0.30 0.07 0.29 0.63
D4 PIP 0.28 0.46 -0.19 0.09
D4-D5 MP 0.01 0.06 -0.32 0.25
D5 MP 0.05 0.10 0.06 0.11
D5 PIP 0.31 0.41 0.15 -0.33
Percentage of variance 61.75% 16.00% 10.05% 4.83%
Table 4.9: fPCA Harmonics Scores for mPCA Components: Screw Grasp
Coefficients
Harmonic 1 Harmonic 2
Harmonics’ Variance 58% 23%
PC1 PC2 PC1 PC2
Trial #1 -27.83 -12.68 -4.50 -7.89
Trial #2 18.11 1.77 0.42 -1.21
Trial #3 24.41 -10.84 2.64 -2.53
Trial #4 9.10 6.17 8.08 3.18
Trial #5 -23.79 15.58 -1.75 3.54
Components’ Variance 69% 31% 49% 51%
Harmonics’ Variance 56% 34%
PC3 PC4 PC3 PC4
Trial #1 20.36 -4.15 3.93 -0.52
Trial #2 -2.76 4.64 -0.11 3.38
Trial #3 -4.76 1.81 -0.25 3.92
Trial #4 -4.65 3.75 0.05 4.25
Trial #5 -8.19 -6.06 -3.62 -11.03
Components’ Variance 67% 33% 26% 74%
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The visualization of the functional harmonics are shown in Figure 4.6a-b for the first two
components, and Figure 4.6c-d for the last two components. The first component is responsible
for variation over the beginning grasp and end release of the motion, while the second component
covers the variation over the middle of the motion, for both harmonics, although at different levels.
(a) (b)
(c) (d)
Figure 4.6: fPCA Harmonics of mPCA Components’ Projections: Screw Grasp
Harmonic 1 for components 1 and 2 (a), harmonic 2 for components 1 and 2 (b), harmonic 1 for
components 3 and 4 (c), and harmonic 2 for components 3 and 4 (d)
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Chapter 5
Interpretive Model for Task Classification
5.1 ! Brief Overview
The results obtained in the previous chapter are further expanded in this present chapter by 
implementing similar and different analysis models, and drawing subsequently different interpre- 
tations from them. Primarily, the fPCA procedure is used to correlate the tasks from the dynamic 
level rather than the static level. Furthermore, we attempt to establish relations among the tasks by 
clustering their fPCA projections onto two dimensions.
For ease of readability, we refer to mPCA Principal Components as components, and simi- 
larly, to fPCA Principal Functions as harmonics.
5.2 ! Organization of mPCA Components
The analysis was performed on the principal component projections derived from the 
mPCA procedure, rather than using functional objects based on the empirical variables 
themselves. By analyzing the components’ projections, we can relate groups of variables 
simultaneously and among each other, since a single component’s projections shows a composite 
of the variables with highest variability on that dimension. In this way, the functional analysis can 
be reduced to the number of active principal components, in this 4, instead of every empirical 
variable, for which there are 14.
The functional PCA, as explained before, is done by fitting the components’ onto 
functions, using pre-specified functional basis and similar number of coefficients to fit the original
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data. All components, representing each trial of each task, are then analyzed concurrently to show
the functional scores differences among tasks. This analysis is done for components that share a
similar set of empirical variables, a concept that we explained below.
For each task, the maximum number of components needed to cover most of the variability
is 4. Each of these four components relate to a set of empirical variables, i.e. a number of real
variables show a higher than others variability on that dimension. This combination of variables is
common among tasks, although in different levels of variance contribution: for one task, namely the
clamp grasping motion, the first component shows a high contribution of the thumb’s (D1) joints;
however, the drill grasp’s first component shows most of the variance given by the MP joints of the
middle (D3) and pinkie (D5) fingers, with the second component projecting over the thumb’s (D1)
MP and PIP joints. To address these discrepancies of components and sets of empirical variables,
we organized the mPCA components in a way that only the ones with similar sets of real variables
are analyzed simultaneously; otherwise, the results will not directly relate to how the grasp occurs
in the real world.
A set of tables were constructed by looking at each component of each task, and grouping
the components that shared similar empirical variables. Four sets of variables were obtained: the
first set relates to the joints of the thumb (D1), with the components’ scores shown in Table 5.1;
the second set groups the components that projected over the joints of the main four fingers, shown
in Table 5.2; the third set of variables relate to the MP joints between the fingers, which show the
spread motion of the hand (Table 5.3); finally, the last set relates to the MP and PIP joints of the four
fingers, although at a lower variability level than the second set. Each of the sets of components
were the object of independent analysis, which we expand on the following section.
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Alternatively, Table 5.5 shows the component’s scores for the entire motion. The first four
components cover 82% of the original variance.
Table 5.5: mPCA Components Scores: Entire Motion
Coefficients
Joint PC1 PC2 PC3 PC4
D1 MP 0.02 0.53 0.10 0.35
D1 PIP -0.17 0.76 -0.16 0.02
D1-D2 MP 0.13 0.08 0.57 0.19
D2 MP 0.30 0.10 -0.03 -0.13
D2 PIP 0.18 0.07 0.19 0.26
D2-D3 MP 0.05 0.09 -0.34 -0.10
D3 MP 0.38 0.03 -0.16 0.21
D3 PIP 0.06 0.02 0.50 -0.06
D3-D4 MP -0.39 -0.12 0.27 0.33
D4 MP 0.47 0.04 -0.15 0.30
D4 PIP 0.13 0.13 0.26 -0.36
D4-D5 MP 0.02 0.12 0.08 -0.02
D5 MP 0.53 -0.10 0.09 -0.05
D5 PIP 0.07 0.24 0.18 -0.61
Percentage of variance 49.05% 17.25% 9.56% 6.44%
These components are interpretative of the overall motion, meaning they extracts the com-
monalities of each grasp motion. The first component concerns the variation over the index (D2)
MP, the middle (D3) MP, the ring (D4) MP, the pinkie (D5) MP and the extension joint for middle-
ring MPs joints. This component covers 49% of the variance; given the scores of the component, the
motion variability for the middle, ring and pinkie MP joints are mainly flexion motion. Although
the PIP joints for these fingers have little variability over the set, they do show a similar positive
correlation, meaning joint flexion.
The second component reveals mainly contributions from the thumb’s (D1) joints, with a
higher score for the thumb PIP. This component covers 17% of the variance. Again, the positive
sign of the component’s score for these variables indicates the variability is mostly caused by the
joints’ flexion. This contrast with the findings for the first component, since most motions seem to
share a flexion of the four fingers base joints, complemented by the inwards flexion of the thumb’s
joints.
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The third component shows a correlation of the thumb-index (D1-D3) MPs joint and the
middle PIP joint, both with a positive relation. This component’s contribution is around 10% of the
original variance. The motion described by this component shows an extension of the thumb-index
MPs, basically positioning the thumb opposite to the main four fingers. The last component, at 6%
of the variance, relate the PIP joints for the ring and pinkie fingers, with the middle-ring MPs joints
and the thumb MP joint.
5.3 Task Classification using fPCA Harmonic Scores
This section explains the process of classification for the various tasks based on fPCA score
values. Four sets of mPCA components are independently analyzed, each relating to a different
set of empirical variables, namely the thumb’s joints, the finger’s joints and the spread motion
joints. The classification of a single set is explained below, with the other 3 sets following a similar
approach.
Each set of components comprises one projection for each of the 5 trials of the 12 tasks
analyzed, for a total of 60 component projections in each set. As in the mPCA procedure, the goal
of maximizing the variability for each component results in a number of functional coefficients that
described a principal function, or harmonic. However, these coefficients also relate to the relative
similarities of the components’ dynamic distribution, both for trials and for tasks. Consequently,
tasks that show similar motions during grasping will generate similar functional coefficients when
compared within the entire set of tasks. The opposite is also true, meaning similar components’
coefficients project similar motions.
The task classification uses this concept to establish dynamic relationships among tasks
based on the coefficients each component describes. The coefficients of the first 2 harmonics, also
known as harmonic scores, are plotted on a 2D space producing 60 points in space, one for each
component in the set. The number of harmonics is set to 2 because that’s the maximum number
needed to cover most of the functional variance described by the set of components. The classi-
fication itself is performed by clustering the points and relating the scores to the type of grasping
motion. Each of the task is represented by a different symbol for easier visualization. Furthermore,
each set of components’ coefficients are graphed on the following figures.
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Table 5.6: Tasks-Symbols Relation
Task Written Symbol Symbol
Clamp grasp Black circle (KC)
Cutter grasp Black square (KS)
Drill grasp Black diamond (KD)
Gun grasp Black down triangle (KDT)
Key grasp Black up triangle (KUT)
Marker grasp Black right triangle (KRT)
Pencil grasp White circle (WC)
Pliers grasp White square (WS)
Screw grasp White diamond (WD)
Screwdriver White down triangle (WDT)
Spring clamp White up triangle (WUT)
Wood grasp White right triangle (WRT)
Figure 5.1: fPCA Harmonic Scores for the Thumb’s Joints’ Components
fPCA harmonic 1 scores (x-axis) v. harmonic 2 scores (y-axis)
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The values for the set of components, which project over the thumb’s (D1) joints are shown
in Figure 5.1. As expected, the first harmonic scores show a clear division of the tasks, forming
three main groups. The second harmonic scores in the other hand, define differences among the
individual trials, forming two loosely defined groups. The first cluster, composed uniquely by the
gun grasp ( ), shows mainly negative first harmonic scores; the second cluster groups the wood ( ),
the pliers ( ) and the pencil ( ) grasps, with slightly less negative values; finally, the last cluster
groups the rest of the tasks, with slightly positive scores. This distribution relates to the motion of
the thumb’s joints and shows how the first four tasks have a similar motion, opposite from the rest
of the others.
In Figure 5.2 the set of components related to the finger’s joints are graphed. This figure
shows a different distribution, with major contribution from both harmonics. Overall, there are four
arguably visible clusters, each sharing either combination of positive and negative harmonic scores.
Clockwise, from the top right corner, the first cluster is composed primarily by trials of the key
( ), the pencil ( ) and the wood ( ) grasps. On the bottom right, the cutter( ), the marker ( ), the
screwdriver ( ), and the gun ( ) form the second cluster. The third cluster follows on the bottom left,
composed of the pliers ( ), and the screw ( ). On the top left, closely associated with the previous
cluster, but less sparser, the last cluster includes the clamp ( ), the drill ( ) and the springclamp
( ). The main characteristics of these clusters are differences over the wrapping of the fingers, with
clusters on the right emphasizing more finger flexion than clusters on the left.
The third set of components analyzed related to the spread motion among the fingers and
the thumb. The harmonic values for these components appear in Figure 5.3. Somewhat similar to
the first set of components, the first harmonic differentiates five relatively distinct clusters, while the
second harmonic shows differences among trials. On the left, with slightly negative values, the drill
( ) grasp forms the first cluster. The second cluster groups the pliers ( ), the clamp ( ), the pencil
( ), the springclamp ( ) and the wood ( ) grasp. The third cluster is solely formed by the screw ( )
grasp. The cutter ( ), the gun ( ), the key ( ), and the marker ( ) grasps describe the fourth cluster;
and finally, the last cluster includes only the screwdriver ( ) grasp. For this set of components, there
is a visible tendency of clusters on the left to show a higher expansion of the spread joints compared
to the last two clusters in the right.
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Figure 5.2: fPCA Harmonic Scores for the Finger’s Joints’ Components
fPCA harmonic 1 scores (x-axis) v. harmonic 2 scores (y-axis)
Figure 5.3: fPCA Harmonic Scores for the Spread’s Joints’ Components
fPCA harmonic 1 scores (x-axis) v. harmonic 2 scores (y-axis)
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The last set of components groups mostly projections over the fingers, with some compo-
nents also having contributions from the thumb and the spread joints. However, this components
percentage of variance contribution is relatively low, with an average percentage of 5%. Thus, the
information it describes is only useful in terms of complex tasks that required a fourth principal
component to cover the variance. Nevertheless, Figure 5.4 shows the harmonic scores for this set of
components. The pliers ( ) grasp stands solely as one cluster; the other two clusters are a mix of the
clamp ( ), the gun ( ), the marker ( ), the pencil ( ), the springclamp ( ) and the wood ( ) grasps in
one, and the cutter ( ), the drill ( ), the key ( ), the screw ( ), and the screwdriver ( ) on the other.
Figure 5.4: fPCA Harmonic Scores for the Finger’s Joints’ Components, Lower Variability
fPCA harmonic 1 scores (x-axis) v. harmonic 2 scores (y-axis)
The previous attempts at clustering the tasks based on their fPCA projections are limited by
the number of dimensions. Each set of clusters previously defined only takes into consideration the
fPCA scores of the first 2 harmonics, meaning only 2 features are put into the analysis. However,
by combining each of the harmonic scores for all the sets, the number of independent features
increments to 8, given by 4 sets of 2 harmonic scores each. The resultant dataset can be now
projected onto this 8-dimensional space for a more profound clustering of the tasks.
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The last dataset is composed by the principal components described by the entire motion,
or global components, and the fPCA score values for each. For this dataset, two different clustering
algorithms were used: the previously explained Principal Component Analysis; and the popular
k-means Clustering. The mPCA procedure is used as a clustering algorithm to emphasized both the
number of clusters of the data and what variables belong to which. This algorithm showed a total of
3 components necessary to cover the variance of the original dataset. The components’ coefficients
were used to indicate what tasks had a higher contribution on each component for these 3 new,
orthogonal dimensions. The tasks with higher contribution were grouped in clusters, for a total of 3
separate clusters.
The k-means algorithm was applied to the dataset to strengthen the validity of the results.
The algorithm is characterized by clustering the individual points based on a predefined number of
clusters (in this case 3 based on the mPCA analysis), where each cluster composed of points with
the nearest mean. The resultant task-clustering for both procedures are shown in Table 5.7. Looked
from an empirical perspective, the k-means algorithms clustered the tasks on a better distribution,
grouping objects of similar shape and size on similar clusters.
Table 5.7: Task Clustering: mPCA & K-means
Cluster mPCA k-means
#1 Drill grasp Clamp grasp
Marker grasp Cutter grasp
Screwdriver grasp Marker grasp
Screwdriver grasp
Wood grasp
#2 Clamp grasp Key grasp
Gun grasp Pencil grasp
Key grasp Screw grasp
Pencil grasp
Pliers grasp
Screw grasp
#3 Cutter grasp Drill grasp
Springclamp grasp Gun grasp
Wood grasp Pliers grasp
Springclamp grasp
Overall, the analysis shows three distinct grasping motions: a wrapping motion around the
object using the four fingers, thumb erected, for the tasks in cluster #1; a precision pinch, as it’s
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popularly called, using the thumb and index finger, for the tasks on cluster #2; and finally a gradual
wrapping of the fingers, including wrapping of the thumb around the object, with middle and index
finger slightly erected, for the tasks in cluster #3.
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Chapter 6
Robotic Evaluation
In this chapter we evaluate the results obtained in previous chapters by applying them to 
robotic hands. The two hands evaluated are a 1 DOF Parallel Gripper and a 4 DOF Barrett Hand. 
For the Parallel Gripper a theoretical mapping is done, based on the technical details of the hand; 
however, for the Barret Hand actual values were generated and applied to a real Barret Hand from 
which angle values output were obtained. These hands were also the subject of a study done by 
Ciocarlie [15], where the mPCA analysis was used to identify distinct types of grasps and how 
they can be mapped onto a robotic hand. However, we expand this concept by also using the 
results of the fPCA analysis to provide a better mapping. The advantage of the fPCA procedure is 
that it captures the dynamic relationship of the joints. We use the fPCA analysis on the principal 
components projections obtained from the multivariate PCA to establish their dynamic 
dependence and variance. For ease of readability, we refer to mPCA Principal Components as 
components, and similarly, to fPCA Principal Functions as harmonics.
The following table, Table 6.1, summarizes the kinematic requirements based on the 
mPCA procedures for each task, and whether or not the task can be mapped onto the two robotic 
hands evaluated. This information is going to help map the motion described by these 
components onto the actual robotic actuators, following the routine explained in the next section. 
The first column lists all the tasks involved in the project; the second column represents the 
number of mPCA components necessary to cover the variability for that task; the last two 
columns show whether or no the task can be mapped onto the specific robotic hand.
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Table 6.1: Task Requirements Summary Based on Human Hand
# mPCA 2 DOF Gripper 4 DOF Barrett
Components Possible? Possible?
Tasks
Clamp 3 N Y
Cutter 4 N Y
Drill 2 Y Y
Gun 2 Y Y
Key 3 N Y
Marker 2 Y Y
Pencil 3 N Y
Pliers 4 N Y
Screw 3 N Y
Screwdriver 3 N Y
Springclamp 4 N Y
Wood 3 N Y
6.1 Robotic Mapping Routine
First, we outline a procedural routine to demonstrate the steps involved in a proper human-
robot joint mapping, based on the kinematic requirements as obtained by the mPCA and fPCA
procedures. The final objective of this analysis is to evaluate whether the mapping is possible
for a robotic hand. If it is, then to generate viable values to simulate the motion on the actual
robotic hand. To help isolate and distinguish these sets of correlated joints, the grasp motions were
throughly analyzed as previously shown, resulting in a task-specific interpretation of how each task
is performed. To proper evaluate the results and their applicability to existing and future robot
hands, we have defined a set of steps that will help reach this goal. Furthermore, we apply this
evaluation routine to two popular robot hands.
Given a robotic hand and a set of tasks to be evaluated, proceed as follows,
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6.1.1 Preliminary Task Evaluation
This step concerns the high level analysis of the task’s grasping motion, and how many
DOFs are involved in the task. Although in most cases all hand joints have at least a small contri-
bution, only a limited set of joints are responsible for most of the motion’s variability. Furthermore,
in many cases multiple joints will demonstrate a level of similar variability. These joints can be
grouped within the same type of motion for that task. Assuming that the number of DOFs the robot
hand has is known, it’s possible to evaluate tasks based on the minimum number of components it
requires to represent most of the variance of the motion. Given a number of principal components
li, for i task, and a number of DOFs for a particular robotic hand d, we state,
Algorithm 1 Step 1
if li d then
continue
step2
else
mapping not possible
end if
6.1.2 mPCA Component Mapping using fPCA Scores
This step consists in analyzing the results of the mPCA procedure to assign components to
robotic actuators. The variability of the motion may be projected over a set of empirical variables of
the human hand. The geometrical disposition of these variables play an important role on the future
mapping since several joints can be grouped into a single component. This type of component can
then be mapped onto a single robotic actuator.
In previous chapters we have shown that most tasks group the four fingers’ joints into one
component, while other component projects the variance over the thumb’s joints. This type of grasp
can be mapped as the action of two opposite fingers on a complementary fashion. In some tasks a
single component projects over the thumb’s and index’s joints, meaning the motion is proportional
and both opposite fingers of the robotic hand can be controlled by a single actuator.
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Although the number of unique human grasps is large and debatable, the underlying concept
for this joint mapping procedure can be summarize as following basic geometric rules, assigning
each component to a corresponding actuator on the robotic hand, ensuring a level of motion consis-
tent with the variation level shown by the mPCA analysis.
However, in some cases a successful mapping might be challenged, or even impossible.
These cases occur when a component groups random joints, with strange or illogical distribution,
making the mapping to a single actuator impossible. A poor experimental setup could cause an
inaccurate distribution of the actual variability of the motion. However, a extremely complex grasp,
or one that requires independent motion from a high number of joints can also be cause. We use
the fPCA procedure to analyze the tasks within the entire set of grasps, and reconstruct the motion
based on the harmonic scores for each of the individual tasks. Given pi as the resulted component
from the fPCA reconstruction, the geometrical disposition of the component, whether it projects
over the finger’s joints, or the thumb’s joints, etc., is established. The component is then mapped
onto the actuator of the robotic hand with similar geometrical disposition, di.
Algorithm 2 Step 2
for all d do
if pi : proper geometrical disposition then
map pi to di
end if
end for
mapping-done
6.1.3 Implementation
Finally, once all the components have been mapped to a particular actuator on the robotic
hand, we proceed by generating actual joint coordinates or angles. The values are based on the
component projections. These values are then optimize and scaled to the range of values or input
type of the specific robotic hand being evaluated.
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6.2 Parallel Jaw Gripper - 1 DOF
Shown in Figure 6.1, this Jaw Gripper possesses two parallel, opposite palettes, coupled
with each other. These two palettes are controlled by a single actuator, limiting the action of the
gripper to an open-close procedure. Thus, this robotic hand has 1 DOF.
Figure 6.1: Parallel Jaw Gripper
6.2.1 Preliminary Task Evaluation
As part of this robotic evaluation, it’s first required to eliminate the tasks with a high num-
ber of independent, correlated joint-sets. The first phase of this evaluation concerns the individual
evaluation of each task to search for the ones that required only two principal components or less,
and furthermore that the empirical variables projected by these components express an opposite ge-
ometrical disposition. Tasks with a higher number of principal components cannot be implemented
using this low-DOF gripper.
This preliminary analysis is based on the mPCA analysis, specifically the cumulative sum
of the eigenvalues since they show how many components are necessary to represent the original
motion variance. Based on this analysis, only the following 4 motion grasps, or tasks, can be repre-
sented using two components. Furthermore, these tasks show in some instances a high correlation
of the main fingers and the thumbs, meaning a high correlation of opposite jointed links that can be
easily imitated by the parallel palettes of the jaw gripper. These tasks are,
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• Drill grasp
• Gun grasp
• Marker grasp
6.2.2 mPCA Component Mapping using fPCA Scores
Further evaluation is done using specific values from the principal components for each of
the tasks, on an individual basis.
The drill grasp is revealed to have close to 86% of the variance accounted for in the first two
components. In this case the first component projects over the middle (D3), the ring (D4), and the
pinkie (D5) MP joints, while the second component projects over the thumb’s (D1) joints, and to a
lesser extent the pinkie (D5) PIP. Each individual component covers 59% and 27% of the variance,
respectively. Given that the third component does not add a substantial contribution, the mapping
can be reduce to the first two components. The principal scores for the components are shown in
reduced form in Table 6.2
The two components show a different level of contribution. Although the motion of the
two correlate, an extra degree of freedom is necessary to accurately reflect the independent level of
variance. An extra actuator can be a fix to mimic the human grasp. Alternatively, applying different
level of proportionality to each palette, still controlled by a single actuator, can achieve a similar
grasp.
The gun grasp is very similar in terms of components to the drill grasp. However, the first
two components cover an impressive 93% of the variance, with the components projections being
over the index (D2), the middle (D3), the ring and the pinkie (D5) MP joints for the first component,
and over the thumb’s (D1) joints for the second component. Given that the first component covers
73% of the variance, it’s viable to say that mapping this single component to a single gripper’s
palette (while maintaining the other palette static) is enough to mimic the motion.
The mapping for this grasp motion does resemblance the previous ones, especially in terms
of component’s correlation. This motion however brings a higher-than-average contribution from a
single component. By restricting the motion range for a single palette, or furthermore, maintaining
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Table 6.2: mPCA Components Scores: Drill Grasp
Coefficients
Joint PC1 PC2
D1 MP -0.16 0.36
D1 PIP -0.26 0.63
...
...
...
D2 MP 0.30 0.31
D3 MP 0.40 0.08
D4 MP 0.49 0.04
D5 MP 0.54 0.05
Percentage of variance 58.79% 26.62%
a palette static (as opposite to having a symmetric motion range fro each palette) are two design
modifications required to bring a more human-like grasp to the joint mapping.
Table 6.3: mPCA Components Scores: Gun Grasp
Coefficients
Joint PC1 PC2
D1 MP 0.21 0.51
D1 PIP -0.05 0.69
...
...
...
D2 MP 0.42 -0.01
D3 MP 0.39 -0.10
D4 MP 0.47 -0.13
D5 MP 0.45 -0.11
Percentage of variance 72.74% 19.54%
The two first components of the marker grasp covers 91% of the variance. Although the
level of variation for the two components are highly different, in this case the two complement each
other. The first component projects over the middle (D3), ring (D4) and pinkie (D5) MP joints,
while similarly the second component projects over the thumb’s (D1) joints. The mapping could be
reduced to each component projected over each palette.
However, the level of contribution by each component does not provide the proper results
in terms of human-like grasp. For this particular grasp, the single actuator can be used to project the
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first component as long as it controls a single palette (the symmetric motion of the gripper brings
similar levels of variance for each palette, contradicting the human grasp).
Table 6.4: mPCA Components Scores: Marker Grasp
Coefficients
Joint PC1 PC2
D1 PIP -0.05 -0.36
...
...
...
D2 MP 0.29 -0.71
D3 MP 0.46 0.27
D4 MP 0.54 0.07
D5 MP 0.51 -0.01
Percentage of variance 85.13% 6.12%
6.3 Barrett Hand - 4 DOFs
In Figure 6.2 the Barrett hand is shown. This hand is popular for its underactuated design,
with 3 fingers conformed of 2 coupled joints, each controlled by 1 actuator. While 1 finger is static at
the base of the hand, the other two fingers have a symmetrical, rotational motion range, controlled
by another actuator, for a total of 4 actuators. Thus, this robotic hand has 4 DOFs. For easier
mapping analysis, the Barrett hand’s three fingers will be referred as RD1 for the static finger, and
RD2 and RD3 for the other two fingers, with the spread actuator as RS. The mapping was confirmed
by applying the generated angle values onto a real Barrett Hand and observing the motion, as well
as recording the system output.
6.3.1 Preliminary Task Evaluation
Based on the mPCA analysis, the most complex tasks required at least 4 components to
cover the variance. Since this hand has exactly 4 independent actuators, all 12 tasks analyzed can
be properly mapped onto it.
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Figure 6.2: Barrett Hand
6.3.2 mPCA Component Mapping using fPCA Scores
Further evaluation is done using specific values from the principal components for a sample
of the tasks, on an individual basis.
The mapping for the clamp grasp onto the Barrett hand can benefits from an extra compo-
nent, given the higher number of DOFs for this hand. The first component projected joints relate
to the thumb’s (D1), which can be mapped onto RD1 finger of the Barrett hand. This component
composes the largest variance over the set at 48%. In the same way, both the thumb’s MP and
the thumb’s PIP show a high correlation throughout the motion, a constant extension. It’s safe to
conclude the motion of the finger can be controlled using only 1 actuator. The second compo-
nent, projected over the ring (D4) and the pinkie (D5) PIP joints with a small positive contribution
from these finger’s MP joints, show two main sources of variation, with a similar correlation. This
component can be mapped onto RD2 and RD3, respectively. The third component relates to the ex-
tension of index-middle (D2-D3) MPs joints. This extension can be easily mapped as a symmetric
extension of the base rotational joint, which describes a slight opening of the fingers while grasping
the object.
The grasping motion for the drill has a relatively simple mapping: the first component
shows a correlation of the middle (D3), the ring (D4), and the pinkie (D5) MP joints, or similar
to the Barrett’s RD2 and RD3, while the second component relates to the index (D2) MP and the
thumb’s MP and PIP joints, or the Barrett’s RD1. For the first component the PIP joints appear
to have an indirect relationship. In the same way, the second component a positive flexion of the
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Table 6.5: mPCA Components Scores: Clamp Grasp
Coefficients
Joint PC1 PC2 PC3
D1 MP -0.31 0.10 -0.06
D1 PIP -0.88 0.29 -0.14
...
...
...
...
D3-D2 MP -0.14 0.04 0.96
...
...
...
...
D4 MP 0.01 0.02 -0.01
D4 PIP 0.13 0.33 -0.02
D4-D5 MP 0.16 0.30 0.03
D5 MP -0.02 0.06 -0.03
D5 PIP 0.20 0.78 0.02
Percentage of variance 47.70% 27.21% 13.13%
PIP joints, however the motion is orthogonal to the first component, meaning the PIP and MP joint
motion are uncorrelated in terms of variability, although the direction motion is still a flexion. For
this reason, the correct mapping of the motion onto the robotic hand suffers from a limited joint
independence.
The specs for the Barrett hand show the motion range for the PIP-like joint is notably less
than the MP-like joint, specifically, 45 and 140 respectively. Given the limited range of motion for
the PIP-like joint, the mapping can benefit from the orthogonal variance of the two components that
project over the main MP joints and the main PIP joints, achieving a similar variance distribution.
Table 6.6: mPCA Components Scores: Drill Grasp
Coefficients
Joint PC1 PC2
D1 MP -0.16 0.36
D1 PIP -0.26 0.63
...
...
...
D2 MP 0.30 0.31
D3 MP 0.40 0.08
D4 MP 0.49 0.04
D5 MP 0.54 0.05
Percentage of variance 58.79% 26.62%
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The gun grasp, as shown before, has a high similarity with the drill grasp, with the two main
components sharing most of the principal empirical variables. The mapping hence follows a similar
trend, with the first component’s projected joints being mapped over to the Barrett’s RD2 and RD3,
and the second component’s joints onto the Barrett’s RD1. Furthermore, the second component’s
projected index-middle (D2-D3) MPs joints can be mapped onto the Barrett hand’s rotational joint.
At the functional level, this task shows a similar distribution of the first harmonics as the drill tasks,
with a variable relation of the two components’ projections.
The grasping motion for the key has a basic dissimilar variance distribution. The first com-
ponent shows a high contribution from the thumb’s (D1) joints, opposite from previous tasks, while
the second component is projected over the index (D2), the middle (D3) and the ring (D4) MP joint,
complementing the motion from the first component. The first can be mapped onto the Barrett’s
RD1 finger, since both joints are highly correlated. In the same way, the second component’s pro-
jected joints can be mapped onto the Barrett’s RD2 and RD3, including the slight variation of these
fingers PIP joints.
The third component represents a conceptual mapping problem for the motion of the index
MP and PIP joints: although the variance contribution for the component is relatively low, projected
variance contradicts the extension of D2 MP versus a flexion D2 PIP. However, given that the
multivariate analysis is static, the component simply refers a correlation of variability, but not a
necessarily simultaneous correlation. Otherwise, the correlation of the motion can be regarded as
benefit by the specifications of the Barrett hand, namely the reduce motion range of the PIP joints
versus the MP joints.
The marker grasp is very particular given the high contribution of the variance by the first
component. Based on this preliminary analysis, the motion requires a singular correlated set of
joints, effectively reducing the control mechanism to one independent motion. The second analysis
further emphasizes the singularity of the first component since the projected joints’ motion is mostly
an extension over the mean, meaning the joints add little less than static support for the motion. This
indicate that the mapping could be reflected as a joint-to-joint relation of D3, D4 and D5 MP to the
Barrett’s RD1, RD2, and RD3, while the latter two are positioned parallel to RD1 (on the same side
of the hand).
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Table 6.7: mPCA Components Scores: Key Grasp
Coefficients
Joint PC1 PC2 PC3
D1 MP 0.43 -0.60 -0.24
D1 PIP 0.69 -0.06 0.07
...
...
...
...
D2 MP 0.07 0.37 -0.47
D2 PIP 0.25 -0.08 0.54
D2-D3 MP 0.06 0.21 0.16
D3 MP 0.23 0.32 0.14
D3 PIP 0.01 -0.19 -0.09
D3-D4 MP -0.08 0.05 0.02
D4 MP 0.28 0.35 0.17
D4 PIP 0.18 0.02 0.03
...
...
...
...
Percentage of variance 73.28% 11.53% 5.53%
Table 6.8: mPCA Components Scores: Marker Grasp
Coefficients
Joint PC1 PC2
D1 PIP -0.05 -0.36
...
...
...
D2 MP 0.29 -0.71
D3 MP 0.46 0.27
D4 MP 0.54 0.07
D5 MP 0.51 -0.01
Percentage of variance 85.13% 6.12%
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The pencil and the screw grasps have a similar distribution and principal component’s pro-
jection scores. The first component for both motions project over the thumb’s (D1) joints, describing
a positive flexion. Oppositely, the second component shows a projection over the same joints, but
with opposite sign, meaning an overall extension of these joints as oppose to the flexion described
by the first component. Similarly, the third component shows a high contribution of variance given
by the thumb-index (D1-D2) MP joints. Taking this into consideration with the low contribution
from the index’s joints, the motion describes an major motion from the thumb, enclosing in into the
object, while the index finger remains mostly static. The mapping can be defined as projecting the
motion of the first component over the Barrett’s RD1, and the third component over RS.
Table 6.9: mPCA Components Scores: Pencil and Screw Grasps
Coefficients
Joint PC1 PC2 PC3
D1 MP 0.47 -0.35 0.28
D1 PIP 0.57 -0.53 -0.26
D1-D2 MP -0.07 -0.04 -0.39
D2 MP 0.21 -0.03 0.01
D2 PIP 0.15 0.24 -0.02
...
...
...
...
D5 PIP 0.30 0.35 -0.60
Percentage of variance 65.65% 17.61% 5.85%
Coefficients
Joint PC1 PC2 PC3
D1 MP 0.43 -0.40 -0.10
D1 PIP 0.64 -0.43 -0.12
D1-D2 MP -0.05 0.07 -0.29
D2 MP 0.09 0.14 -0.18
D2 PIP 0.05 0.04 0.34
...
...
...
...
D5 PIP 0.31 0.41 0.15
Percentage of variance 61.75% 16.00% 10.05%
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6.3.3 Implementation
We exemplify the implementation of this robotic evaluation routine by generating the nec-
essary joint angles to produce a grasp on a robotic hand. Using a standard Barret hand, and having
gone over the details to its API and manipulation functions, a set of angle values was computed for
each of the three fingers of the hand and for its spread actuator. The screwdriver grasp was chosen
to demonstrate the mapping, since it exemplified the use of all robotic actuators.
Each of the main three components were analyzed and their relation to the joints of the
human hand established. The first component had a higher variability for the middle’s (D3) MP,
the ring’s (D4) MP, and the pinkie’s (D5) MP. The second component represented the thumb’s (D1)
PIP and the pinkie’s (D5) PIP, although all empirical variables have a positive relation among each
other. The third component mirrored some joints of the first two, while emphasizing the spread
motion between the middle (D3) and the ring (D4) fingers.
Table 6.10: mPCA Components Scores: Screwdriver Grasp
Coefficients
Joint PC1 PC2 PC3
D1 MP -0.03 -0.25 -0.06
D1 PIP -0.24 -0.72 0.17
D1-D2 MP 0.14 -0.19 -0.23
...
...
...
...
D3 MP 0.40 -0.00 0.47
D3 PIP 0.01 -0.19 -0.00
D3-D4 MP -0.40 -0.07 0.59
D4 MP 0.46 -0.03 0.36
D4 PIP 0.15 -0.29 0.01
D4-D5 MP 0.06 -0.13 -0.01
D5 MP 0.51 -0.07 -0.18
D5 PIP 0.02 -0.42 -0.33
Percentage of variance 68.67% 12.69% 5.76%
The final mapping was done as follows: first component to RD2 and RD3, given that these
two fingers carry out the motion of the main four fingers; second component to RD1, since it rep-
resents largely variability of the thumb; and finally, the third component to the S, spread actuator
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for RD2 and RD3. The angle values, previously normalized to the [0,1] range, were scaled up to
the [1,20000] range for each finger and [1,4000] range for the spread motion. The values were also
converted from float to int, since the API for the Barret hand only accepts int.
The resulted values were run on a static Barret hand, which then produced a similar grasp
to the human, in terms of the reduced finger/joint set. The input values as they compared to the
output values, are shown in part in Figure 6.3. Note that the Barret hand itself does not approach
angle values simultaneously, but rather it moves its actuators one at a time. For this reason, there
are a higher number of robotic hand actual output positions than actual input commands.
Figure 6.3: Robotic evaluation I/O: Screwdriver Grasp
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Chapter 7 
Discussion
Although increasingly dexterous robotic hands continue to appear in the market, the 
necessity for proper and accurate control still causes a problem. Underactuated hand designs are 
becoming more popular, however the mapping of a high complicated hand motion can be a tedious 
process. Through some innovates ideas and advances in traditional motion analysis, some 
techniques were presented to address these problems, and emphasize the concept the hand motions, 
although produce by a large number of independent joints, produce a resultant motion with a 
relatively low dimensional space.
7.1 ! Concluding Remarks
This thesis expands on the findings of multiple studies on hand synergies and joint correla- 
tion mPCA procedures. The application of a functional extension to PCA has proven to relate other 
levels among the joints, specifically dynamic details of the motion. The combination of mPCA 
components as functional objects for fPCA analysis has shown promising findings on the dynamic 
correlations of several motions grasps.
The principal components obtained from the mPCA showed a direct correlation of various 
joint within a single component. Furthermore, the score values for each joint related to the level of 
contribution for the joint on that component dimension. The values shown for each tasks’ compo- 
nent confirmed the high level of correlation the hand has when performing a task. This information
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can be used to compare the same motion among several subjects and to extract common, as well as
dissimilar characteristics.
The principal functions obtained from the fPCA provided important details of the motion
as it occurred for a set of related joints. By applying the functional data analysis over principal
components rather than empirical variables, the study was able to compare the effect of multiple
joints simultaneously. The analysis provided a great of information of the dynamic requirements of
each motion, and helped compare the tasks on the dynamic level.
A set of objects grasps, or tasks, were classified using both results from mPCA component
scores and fPCA harmonic projections over these components. The results agree with common
empirical observations that classify the objects based on size and functionality. The paper shows a
set of separate classifications, the first four concerning only the two dimensional space describe by
the harmonic scores for the principal components of the entire motion. Although each component
expressed various valid findings, the number of features was rather small for proper classification.
To fix this problem, the harmonic scores for all components were combined and organized by the
type of grasp. Subsequent clustering algorithm showed a better view of how the tasks relate to each
other. The classification concluded with the description of 3 clusters which grouped the objects
being grasped in similar groups based on shape and size.
A robotic hand evaluation was done on the potential benefits of these analysis and their
applications to robotics design, specifically on the aspects of motion range (given mPCA results)
and motion correlation (using fPCA results). This expanded on the studies by Ciocarlie et al. [15],
Santello et al. [17] and Thakur et al. [21] to extract hand synergies, but at the dynamic level for
robotic applications. Two robotic hands were used for evaluation, one a Parallel Gripper, and the
other a Barrett Hand. The evaluation consisted in the mapping of the various tasks onto the robotic
hands, using the findings from the motion analysis. A routine was conceived, detailing the steps in
mapping the motion from the hand onto the robot. A real application of the findings was done by
implementing the motion onto a real Barrett Hand, and observing the grasps performed. In general,
the robotic motion described a reduced version of the original human motion.
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7.2 Future Work
Future research can expand the application of fPCA harmonics on robotic control mecha-
nisms. Graphical simulation software can be used to simulate the motion of robotic hands using the
principles exposed in previous chapters, including the simulation of grasps of various objects using
the harmonics defined over the motion set.
The inclusion of extra objects for grasping motion can expand the dataset of analysis, further
expanding the results to real-world applications. In the same way, multiple subjects can be brought
in to analyze inter-subject variability, which can be a basis for medical analysis of injure patients
versus healthy patients, as their variance waveform should differ. This expands on the work done
by Epifanio et al. on human motion analysis [5].
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